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1  | INTRODUC TION
The	wise	management	 of	 natural	 resources	 demands	 high‐quality	
information	on	which	to	base	sound	decisions	(Regan	et	al.,	2005).	
Fundamental	 to	 proportionate	 and	 evidence‐lead	 approaches	 to	
wildlife	 management	 are	 robust	 descriptions	 of	 where	 species	
are	 (their	 distribution)	 in	 the	 landscape.	 Increasingly,	 this	 can	 be	
achieved	 entirely	 through	 empirical	 surveys	 conducted	 by	 citizen	
scientists	 (McKinley	 et	 al.,	 2017).	 For	 example,	 the	 British	 Deer	
Society	(BDS)	distribution	survey	which,	using	information	collected	
from	members	and	other	sources,	has	provided	100	km2	resolution	
distribution	maps	 every	 five	 years	 since	 2002	 for	 each	 of	 the	 six	
deer	species	known	to	inhabit	Great	Britain	(GB)	(two	native	deer,	
red Cervus elaphus	 and	 roe	 Capreolus capreolus,	 one	 naturalized,	
Fallow	 Dama dama	 and	 three	 non‐native	 species,	 Chinese	 water	






















cover,	 human	 interference,	 and	 topography,	 the	 understanding	 of	
which	can	be	used	to	inform	prediction	of	occurrence	in	unsurveyed	
locations.	The	widespread	use	of	SDMs	has	been	further	accelerated	
by	 the	 proliferation	 of	 large	 publically	 available	 data	 repositories	
such	 as	 the	National	 Biodiversity	Network	 (NBN)	Atlas,	 providing	




is	 important	 to	recognize	that	 this	 is	a	 “young,”	 rapidly	developing	
science	with	many	proposed	methods,	each	based	on	subtly	differ‐
ent	sets	of	assumptions,	but	no	consensus	for	a	single	unified	frame‐
work	 (Croft	 et	 al.,	 2017;	Croft,	 Smith,	Acevedo,	&	Vicente,	 2018).	
As	such	great	care	must	be	taken	to	avoid	inappropriate	application	
and	 incorrect	 inference	 (Guillera‐Arroita	 et	 al.,	 2015);	 a	 particular	
consideration	for	the	work	here	which	seeks	to	provide	output	more	
suitable	 for	use	 in	policy	development	and	decision‐making	 in	 the	







species	 occurrence	 can	 be	 explicitly	 described	 by	 environmental	
conditions,	which	cannot	be	assumed	for	many,	particularly	non‐na‐
tive	and	heavily	managed	species,	where	absences	(and	potentially	













deer;	 for	which	 good	 data	 are	 available	 both	 to	 fit	models	 and	 to	
perform	independent	validation.	Reports	published	over	the	past	de‐
cade	or	so	suggest	that	most	of	these	populations	have	been	steadily	
growing	 (Battersby,	 2005;	 Mathews	 et	 al.,	 2018;	Ward,	 2005).	 In	
large	numbers,	deer	can	inflict	substantial	damage	to	woodland	and	
crops	 (Putman	&	Moore,	1998)	as	well	as	providing	a	 reservoir	 for	
the	 transmission	 of	 diseases,	 some	 of	 which	 can	 affect	 livestock	
and	human	health,	for	example,	bovine	tuberculosis	(Ward	&	Smith,	
2012)	and	foot‐and‐mouth	disease	(Böhm,	White,	Chambers,	Smith,	





2016).	 This	 particular	 disease	 can	 be	 transmitted	 by	 both	 direct	
(nose‐to‐nose)	 and	 indirect	 contact	 through	 contamination	 of	 the	

























Occurrence	 data	 were	 downloaded	 from	 the	 NBN	 Atlas	 on	
13/09/2018.	We	restricted	our	download	to	mammal	observations	
(direct	or	indirect	evidence	of	presence	described	with	coordinates	














One	 of	 the	 limitations	 of	 opportunistic	 observations	 of	 the	
type	 generated	 from	 citizen	 science,	 comprising	 a	 large	 propor‐
tion	of	the	records	downloaded,	is	the	lack	of	information	regard‐
ing	 survey	 effort.	 This	 is	 important	 in	 understanding	 whether	
the	absence	of	data,	in	this	case	presence	records,	is	evidence	of	
true	absence	of	 a	 species	or	merely	 insufficient	effort	 to	detect	









mole	(Talpa europaea),	rat	(Rattus norvegicus),	and	cat	(Felis catus);	













Following	 Acevedo,	Ward,	 Real,	 and	 Smith	 (2010),	 we	 considered	
a	 range	of	environmental	 factors	 that	might	 influence	British	deer	
distributions,	 including	 descriptions	 of	 climate	 (temperature	 and	
precipitation:	Fick	&	Hijmans,	2017),	topography	(altitude	and	slope:	
OST50	 www.ordna	ncesu	rvey.co.uk/busin	ess‐and‐gover	nment/	






Co‐correlation	 between	 environmental	 factors,	 for	 example,	
climate	variables	with	very	similar	spatial	patterns,	was	minimized	
by	 transforming	our	 set	 of	 environmental	 factors,	 based	on	 val‐




















servations	of	 animals	 produced	by	 anthropogenic	 translocation	or	
maintenance),	or	absences	from	areas	unexplained	by	the	environ‐
ment,	and	also	likely	to	be	caused	by	man	(e.g.,	local	or	regional	scale	
hunting	 or	 persecution,	 and	 the	 gaps	 between	 establishing	 popu‐
lations	 of	 non‐native	 species).	 This	 factor	 allowed	 us	 to	 leverage	
the	information	entailed	in	the	broad‐scale	description	of	a	species	
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within	its	range	and	account	for	observations	which	express	a	tem‐
poral,	 geographical,	 and	 anthropogenic	 deviation	 from	 the	natural	
dispersal	and	persistence	of	species	(Hattab	et	al.,	2017).	Inclusion	
of	such	a	variable	is	an	important	but	often	overlooked	concept	in	






























rences	 in	 an	 attempt	 to	 compensate	 for	 imperfect	detection.	 For	
each	positive	sighting	location	(cell	with	at	least	one	recorded	ob‐
servation	of	the	species),	we	defined	a	circular	local	neighborhood	
similar	 to	 the	 distance	 applied	 in	 LoCoH	 (Mathews	 et	 al.,	 2018).	
Rather	 than	 using	 all	 other	 positive	 sightings	 locations	 (points)	
within	this	“sphere	of	influence”	to	create	a	MCH,	we	simply	over‐
lay	all	of	the	neighborhoods	and	count	the	number	of	intersections.	
In	order	 to	account	 for	 the	 likelihood	 that	 some	sightings	may	 lie	
on	the	edge	of	the	species’	range,	we	threshold	the	resulting	map,	
only	retaining	cells	intersecting	three	or	more	neighborhoods.	Cells	
considered	 to	be	within	 the	 species’	 range	were	assigned	a	value	
1	with	cell	values	outside	of	this	range	assigned	values	decreasing	





It	 should	 be	 noted	 that	 the	 precise	 distance	 chosen	 to	 define	
a	neighborhood	 is	a	complex	parameter	and	 is	 the	combination	of	
multiple	 factors	 including	 daily	 or	 seasonal	 mobility,	 dispersal,	 as	












We	 modeled	 the	 current	 probability	 of	 occurrence	 (and	 subse‐
quently	 potential	 probability	 of	 occurrence	 analogous	 to	 environ‐
mental	 suitability)	 for	 each	 species	 using	 the	 “hSDM.ZIB.iCAR”	
function	of	the	“hSDM”	package	(Vieilledent	et	al.,	2014)	 in	R	sta‐
tistical	software	(R	Development	Core	Team,	2018)	applying	default	
settings	 except	 to	 reduce	 the	number	of	 iterations	 to	1,500	 (500	
for	burn‐in	and	1,000	for	sampling)	and	the	thinning	interval	to	1.	
This	 function	used	our	binomial	dataset	 (presences/successes	and	








between	 observations,	 assuming	 that	 the	 probability	 of	 presence	
of	 the	species	at	one	site	depends	on	 the	probability	of	presence	
of	 the	 species	 on	neighboring	 sites	 (Lee,	 2013).	 For	 the	purposes	













detectability	 was	 represented	 in	 relative	 terms	 compared	 to	 that	
of	 other	 species	 (i.e.,	 difference	 in	 average	 size	 or	 general	 behav‐











duce	 current	 distributions,	 and	 then,	 setting	 species	 range	 to	
a	constant	value	of	1	we	produced	a	 second	set	of	distributions	
reflecting	 the	 potential	 of	 each	 species	 based	 on	 environmental	












erating	 characteristic	 curve	 (AUC;	 Phillips	 et	 al.,	 2006)	 yielding	 a	
value	between	0.5	and	1	where	0.5	suggests	models	no	better	than	
F I G U R E  1  Schematic	diagram	of	the	modelling	process
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random	and	1	 indicating	perfect	prediction;	the	True	Skill	Statistic	
(TSS;	 Allouche,	 Tsoar,	 &	 Kadmon,	 2006)	 calculated	 as	 the	 sum	 of	
the	sensitivity	(true	positive	rate)	and	specificity	(true	negative	rate)	
minus	one,	yielding	values	between	0	and	1	where	similar	 to	AUC	
a	 value	of	 1	 indicates	 perfect	 prediction.	 The	 latter	 requires	 a	 bi‐










able),	we	 adopted	 the	minimum	probability	 of	 presence	 extracted	
from	cells	classified	as	present	in	the	current	distribution	(which	we	
assume	will	continue	to	be	occupied	in	the	future)	and	that	are	also	
within	 the	current	 species	 range	 (i.e.,	where	 the	dispersal	variable	
equals	1	in	models	for	both	the	current	and	potential	distribution).
Finally,	 to	 evaluate	 the	 limits	 of	 our	 predictions	 based	 on	 the	
available	 presence	 data,	 accounting	 for	 any	 impacts	 from	 prefer‐
ential	 sampling	 common	 in	 data	 from	 citizen	 science	 (Callcutt	 et	
al.,	2018)	as	well	as	the	possibility	that	not	all	species	have	experi‐
enced	the	entire	range	of	environmental	conditions	and	hence	their	
response	 is	 unknown,	 we	 computed	 a	multivariate	 environmental	
similarity	 surface	 (MESS)	 provided	 in	 the	 “dismo”	 R	 package.	 This	
function	compares	 the	differences	between	environmental	 ranges	





















and	 interspecies	 contact	 can	be	considered	analogous	 to	 the	area	
of	immediate	exposure	following	an	introduction	in	the	target	cell.





24,844	 cells	 throughout	 the	model	 extent	 (approximately	 10%	 of	
mainland	Britain).	These	trials	were	derived	from	the	records	of	com‐
mon	mammal	 species	 including	 all	 deer	 species	 and	 represent	 the	
frame	from	which	observed	presences	and	absences	could	reliably	
be	 inferred.	Roe	deer	were	 reported	most	 frequently	with	11,605	






3.2 | Species range estimation and validation
A	visual	 comparison	between	estimated	 species	 ranges	 generated	
using	both	our	method	and	LoCoH	(illustrated	in	Figure	2)	showed	





fore	 the	 inclusivity	 of	 the	 species	 range,	 our	 findings	 shown	 in	






water	 deer,	 fallow,	 muntjac,	 red,	 roe,	 and	 sika,	 respectively)	 with	
predictive	 accuracy	 of	 models	 using	 distances	 beyond	 this	 upper	









Our	 descriptions	 of	 the	 current	 and	potential	 distribution	 of	 each	
deer	 species	 (Figure	 3)	 allowed	 us	 to	 highlight	 locations	 requiring	
further	 survey	 effort	 where	 either	 the	 environmental	 conditions	
were	not	well	represented	by	the	current	survey	(potentially	as	the	
species	may	 have	 yet	 to	 experience	 them	 and	 so	 it	would	 not	 be	






their	 limited	 experience	of	 the	British	 landscape,	 only	 providing	 a	
narrow	sample	of	the	environment	(corresponding	to	approximately	
30%	coverage	of	the	model	extent)	with	which	to	infer	environmen‐
tal	preferences.	Nevertheless,	even	at	a	 local	 level,	 comparison	of	
their	current	distribution	with	 their	potential	distribution	suggests	
the	 species	may	be	 reaching	 local	equilibrium	but	with	potentially	
suitable	 environments	 within	 reach,	 just	 outside	 of	 range	 edges.	
Thus,	 expansion	 could	 continue	 allowing	 exploration	 into	 new,	
as	 yet	 untested	 environments	 toward	 the	 northwest	 and	 south‐
east	 of	 England;	 potentially	 increasing	 occupancy	 from	 the	 cur‐
rent	6,000	km2	 to	30,000	km2	 (growth	of	nearly	400%).	Muntjac,	
to	 a	 lesser	 extent,	 present	 a	 similar	 challenge	with	 current	 distri‐
butions	 only	 representing	 a	 limited	 sample	 of	 environmental	 con‐
ditions;	 spanning	 62,500	 km2	 but	 only	 providing	 a	 representative	
environmental	sample	 for	65%	of	 the	model	extent.	Nevertheless,	
excluding	 the	northwest	of	 Scotland,	our	predictions	 suggest	 that	
the	muntjac	is	beginning	to	reach	the	full	extent	of	its	potential	range	
within	Britain,	with	only	limited	scope	for	further	expansion	up	the	
northeastern	 coast	of	England	and	 some	 small	 isolated	patches	 in	
Wales,	a	maximum	increase	in	occupancy	of	22%.
Comparing	 distributions	 for	 red,	 roe,	 and	 sika	 suggests	 the	
greatest	potential	for	further	expansion	is	into	Wales	where	current	
occupancy	 is	 low	 given	 its	 extensive	 area	 of	 apparently	 favorable	
environment;	recent	reports	of	increasing	populations	support	this	
prediction	 (Mathews	 et	 al.,	 2018).	 Both	 red	 and	 sika	 share	 similar	
potential	distributions	spanning	121,000	and	116,000	km2,	respec‐




the	 species	would	not	 be	 expected	 to	 eventually	 establish	due	 to	
environmental	unsuitability;	approximately	18%	of	the	total	model	
extent.	Fallow	distributions	appear	relatively	patchy	in	comparison	
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with	other	species.	Current	populations	are	focused	in	central	and	
southern	England	with	 a	 few	 isolated	populations	 in	Scotland	and	











Combining	 the	estimates	of	 the	 ranges	of	 the	 current	distribu‐
tions	 predicted	 by	 the	 suitability	 models	 across	 all	 species	 in‐
dicates	potential	for	high	level	of	contact	(Figure	4)	across	deer	
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populations	in	southern	central	and	eastern	regions	of	England,	
followed	 by	 areas	 of	 Scotland	 and	 the	 Lake	 District	 (this	 rep‐
resents	 the	 degree	 and	 area	 of	 overlap	 between	multiple	 spe‐
cies	and	contiguity	of	deer	in	the	landscape).	The	similar	exercise	
using	potential	distributions	shows	that	if	all	deer	species	spread	
to	 their	 full	potential	and	achieve	equilibrium	 in	 the	 landscape,	




Statistic CWD Fallow Muntjac Red Roe Sika
Current	range	(km2) 16,269 76,166 85,068 75,998 118,186 52,786
Current	occupancy	(km2) 6,106 24,502 62,482 59,155 101,852 34,596
Occupancy	(%) 37.5 32.2 73.4 77.8 86.2 65.5
Potential	occupancy	
(km2)
29,215 59,514 76,129 121,081 174,763 116,402
Growth	(%) 378.5 142.9 21.8 104.7 71.6 236.5






TA B L E  1  Summary	of	current	and	
potential	occupancy	statistics	for	each	of	
the	six	deer	species
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4  | DISCUSSION
Here,	 we	 have	 proposed	 a	 generic	 framework	 using	 an	 SDM	 ap‐
proach	 to	 estimate	 both	 the	 current	 and	 potential	 distributions	 of	
































ated	using	available	methods.	Nevertheless,	 comparing	 instead	 re‐









































as	a	 result	of	 their	 relatively	 recent	 introduction	and	 their	current	
limited	distributions	rather	than	deficient	sampling.	Where	this	is	the	









Predictions	 for	 the	 potential	 distribution	 show	 some	 inter‐
esting	 results.	 In	 particular,	 highlighting	 that	 current	 distributions	
only	reflects	a	fraction	of	the	total	extent	available	to	most	of	the	
deer	species.	Even	roe	deer	which	already	occupy	much	of	England	
and	Wales	 shows	 substantial	 potential	 for	 expansion	 into	Wales.	
Combining	these	distributions	to	establish	the	potential	extent	and	
location	of	potential	interspecific	contact	among	deer	suggests	that	
unregulated	 range	 expansion	 could	 result	 in	 extensive	 and	 wide‐
spread	 areas	 of	 contact	 across	 the	 country.	 Under	 these	 circum‐
stances,	 the	 rate	 of	 spread	 of	 diseases	 that	 affect	 multiple	 deer	
species	 (Hartley	 et	 al.,	 2013)	 and	 their	 geographical	 spread	 could	
be	much	greater	than	at	present.	 If	populations	are	more	carefully	
managed,	 then	fragmented	distributions	of	some	species	might	be	
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interest	 across	 a	 host	 of	 concerns	 including	wildlife	 conservation,	
management,	 and	 risk	 assessment.	Our	 findings	 demonstrate	 that	
the	modelling	 framework	we	 have	 outlined	 and	 applied	 to	 British	
deer	provides	a	generic	tool	capable	of	exploiting	growing	volumes	
of	 available	 citizen	 science	 data	 to	 generate	 useful	 information	
about	 species	 distributions	 in	 managed	 landscapes;	 importantly,	
highlighting	 areas	where	 additional	 survey	 efforts	 are	 required	 to	
improve	 confidence	 in	 prediction.	Distinct	 from	many	 approaches	
in	the	 literature,	the	framework	accounts	for	both	survey	bias	and	
dispersal/anthropogenic	absences	providing	insights	which	together	
with	 clear	 presentation	 of	where	 confidence	 in	model	 predictions	
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